Determination of flow resistance in open channel flows is not only important for practical engineering applications but also challenging because of multiple factors involved. The literature review reveals that despite of various data-driven formulas and schemes, only classic Manning's resistance equation and Keulegan's formula have been utilized in practice. It also indicates that sole application of Artificial Intelligence (AI) models facilitates roughness estimation while they have not been used within a systematic roughness estimator scheme. In this study, a new eight-step scheme is developed to predict grain and total Manning's coefficients when grain and form roughness are the major sources of friction, respectively. The new scheme not only uses a new explicit equation for computing hydraulic radius related to bed for estimating grain roughness coefficient but also utilizes AI models named artificial neural network and genetic programming in the seventh step for estimating form roughness coefficient. It improves R 2 for estimating Manning's grain coefficient and RMSE for estimating discharge by 21% and 64% comparing with that of one of common formulas available in the literature, respectively. Moreover, the new scheme incorporating AI models significantly enhances the accuracy of estimation results for predicting roughness coefficient and discharge comparing with the new scheme using new developed empirical formula based on RMSE, MARE and R 2 criteria. The obtained improvement demonstrates that application of AI models as a part of a data-based roughness estimator scheme, like the one suggested, may considerably improve the precision of prediction results of flow resistance and discharge.
1 Introduction be 12.2 because many river channels are approximately trapezoidal. The coefficient k s is Nikuradse's roughness height for which various treatments have been suggested (Millar 1999; Yu and Lim 2003; Yang et al. 2005; Recking et al. 2008) .
The other common resistance equation in practice is the classical Manning's equation shown in Eq. 2:
where g is the gravitational acceleration and n [L 1/3 T] is Manning's coefficient. Eq. 2 was specifically proposed to predict reach-average velocity. It is an empirical correlation fitted to measured data and has been improved in several previous studies in favor of improving roughness estimation results (Yu and Lim 2003; Lopez et al. 2007; Ghani et al. 2007 ). Roughness estimation techniques generally account for one of four categories of roughness including total, grain, form, and vegetative roughness (McKay and Fischenich 2011) . Grain and form roughness are the parts of total flow resistance that are due to surface roughness of individual particles and bed form changes, respectively. Two different schools of thoughts have been presented for separation of total non-vegetative flow resistance into grain and form components including (1) division based on hydraulic radius and (2) division based on channel slope. By assuming equal flow velocity, the relations between different parts of Manning's coefficient for these two divisions are shown in Eq.s 3-4, respectively: 
where prime and double prime superscripts attribute to the grain and form roughness, respectively. Different available methods for calculating grain roughness may be grouped in two major categories including flow independent and flow dependent methods. The former shown in Table 1 particularly relate the grain roughness coefficient to either particle diameter (d x where x denotes the percentage that bed material is finer) or channel slope (S). In Table 1 , Re is Reynolds number, Fr is Froude number. The flow dependent methods summarized in Table 1 presume that grain roughness is not only a function of particle diameter or channel slope but also depends on flow depth (h) or hydraulic radius. According to Tables 1, the need for estimating roughness coefficient has provided an active area of research with the aim of developing equations and schemes that improve flow resistance estimations.
Since form roughness is supposed to be influenced by more factors than grain roughness (Yen 2002; Motamedi et al. 2009; Kumar and Rao 2010) , proper estimation of form resistance coefficient is more challenging than grain resistance coefficient. In this regard, various methods have been recommended for predicting form roughness coefficient in the literature. Among all these methods, Einstein and Barbarossa (1952) and Engelund and Hansen (1967) proposed empirical methods for calculating grain and form resistance coefficients separately. Wu and Wang (Wu and Wang 1999a) suggested direct calculation of total roughness coefficient for a movable bed. van Rijn (1984) and Karim (1995) established empirical relations to predict height of bed forms and then roughness coefficient on a movable bed. Brownlie (1981) proposed a formula to determine h rather than n in an alluvial river. Despite of all the aforementioned methods developed over decades, studies focusing on finding new methods and schemes that provide more appropriate estimation of roughness coefficient are still required to improve the related numerical modeling. In this study, a new eight-step scheme is developed for predicting n and Q based on a large reliable database. The first three steps of the new scheme estimate grain roughness coefficient while the next five steps may be preceded when form roughness is the major source of friction in the channel reach. The proposed scheme for estimating form roughness coefficient is presented in three versions. In this regard, two AI models named Artificial Neural Network (ANN) and Genetic Programming (GP) are individually utilized in the two versions of the new scheme. Although AI models have been already applied for predicting flow resistance coefficients, as categorized as the sixth approach of the presented classification, application of AI models as a part of a roughness estimator scheme that predicts both grain and form roughness is suggested for the first time to the authors' knowledge. Comparing the results of the new scheme with a new empirical formula (the third version of the new scheme) with that of the two other versions demonstrates that application of AI models as a part of roughness estimator scheme, like the one proposed in this paper, may significantly improve roughness estimation results. Such improvement is indeed considered as the aim of many studies conducted in this field.
Methods

Data Base
The database used in this study includes two sets of data, which are all adopted from the literature. The first one consists of 1506 field and experimental data where grain roughness is the main source of friction in channel streams. It consists of data from various references and was originally compiled by Recking (2006) . These grain data have been applied for developing schemes, which estimate grain resistance coefficient in several researches (Recking 2006; Recking et al. 2008; Rickenmann and Recking 2011) and consequently, may be a reliable database for such purpose.
The second data include 1342 laboratory and 1261 field data related to channels where both grain and form roughness are primarily the sources of flow resistance. These form data are also gathered by Brownlie (1981) from various studies. The range of parameters of the grain and form data considered is listed in Table 2 . As shown, the form data consists of a wide range of values for different parameters indicating that it may be adequate for proposing new scheme for estimating form roughness coefficient.
Artificial Neural Network
Artificial neural network is a data-driven model that requires to be trained using a set of input and the corresponding output data. If it is appropriately trained, it can capture nonlinear complicated relations available between a set of input and output data. Furthermore, the trained network provides the opportunity to present reasonable results for those data that have not been used in the training process. The network architecture obviously affects the performance of the model while it should be selected in a way to gain predicted results within a desirable error range. Otherwise, the network architecture must be modified in light of obtaining better results and consequently, the training process should be repeated.
In this study, a feed-forward ANN, as one of the common artificial networks, is utilized as a part of the new scheme to estimate roughness coefficient. It is categorized as layered networks whose main feature is that each node is allowed to have connections to nodes of the next layer. To be more specific, the feed-forward process, as its name indicates, includes some elements in the input layer, called neurons, which transmit the vector of input data into the first hidden layer. Each node in the hidden layer computes a weighted sum of input values and transfers the outcome to a transfer function. Finally, the results achieved in each layer pass to the next layer until the output layer, which contains the computed outputs, is reached.
Genetic Programming
Genetic programming, as an AI model, employs a random search heuristic method to capture the best relation between input and output of different systems. The main steps of GP include initialization, selection, reproduction and termination. One of the main advantages of the treebased flexible structure of GP is the application of a wide range of variables and functions in light of seeking for relations available between input and output values. This characteristic inherently makes GP a powerful estimation tool. As a result, several studies have been utilized GP for solving different problems in water resources field, such as rainfall-runoff modeling (Rabunal et al. 2007 ), flood routing (Sivapragasam et al. 2008 ), evapotranspiration models (Izadifar and Elshorbagy 2010) , estimation of scouring depth (Niazkar and Afzali 2018) , dispersion coefficients (Azamathulla and Ghani 2011) . In this study, Discipulus (Francone 1998) software is used to apply GP as a prediction tool in the new scheme proposed for estimating form roughness coefficient.
New Scheme for Roughness Coefficient Estimation
The new scheme is categorized as one of the straightforward flow-dependent methods for estimating Manning's coefficient due to grain roughness or grain and form roughness. The flowchart of this new scheme is depicted in Fig. 1 . As shown, it has eight steps described as the followings:
When the friction source is primarily due to grain roughness, n = n ' . In order to determinen ' , the dimensionless particle size (d * ) is calculated using Eq. 5 in the first step of 
where υ is water kinematic viscosity and γ s and γ are sediment and water specific weights, respectively. In the second step, the hydraulic radius related to bed (R b ) is computed. According to the literature, Vanoni and Brooks (1957) suggested an implicit procedure for calculating R b whereas an explicit relation is proposed for R b in the new scheme. It approximates Karman-Prandtl resistance equation for turbulent flow in smooth pipes using
, where f w is the part of friction factor occurred due to wall friction, with high accuracy (R 2 = 0.9974). By implementing this correlation, R b may be explicitly determined using Eq. 6:
In the third step, the grain part of Manning's coefficient is computed using Eq. 7 based on the logarithmic velocity distribution:
When the friction source is due to both grain and form roughness, the eight steps of the new scheme should be preceded. In the fourth step, the grain shear stress (τ ' ) is computed by
The fifth step is to determine the threshold shear stress based on Shields parameter (τ c50 = (γ s − γ)d 50 θ cr ). In this regard, a three-range function suggested by Hager and Giudice (2001) is adopted for calculating Shields parameter (θ cr ) in the new scheme because it is a practical function for this purpose. This function relates critical shear stress to d * , as shown in Eq. 9:
The ratio of the grain shear stress to the critical shear stress (
) is called T computed in the sixth step. This parameter is considered to have impact on roughness parameter (Δ) (Wu and Wang 1999b) . It is assumed to be a function of T, R, and Fr (Wu and Wang 1999a; Hager and Giudice 2001) . In the new scheme, three different models are used to compute Δ including (1) ANN, (2) GP and (3) a new empirical formula. In the seventh step, the whole form data are randomly divided into train (75%) and test (25%) data while the procedure for the random division is adopted from the literature (Niazkar and Afzali 2018) . The former is used not only to train ANN and GP but also to calibrate the unknown coefficients of the empirical formula whereas the latter is exclusively utilized to compare the performances of different models. For training ANN and GP, three input parameters (T, R, and Fr) and one output parameter (Δ) were considered. Furthermore, a new empirical formula expressed in Eq. 10 is proposed by improving the structure of Wu and Wang's (2001) 
The ten coefficients used in Eq. 10 are determined through an optimization problem. The corresponding objective function is to minimize the root mean square error (RMSE) between estimated roughness parameter and those calculated based on the measured data while the only constraint is to decline negative values for roughness parameter. Modified honey bee mating optimization algorithm, which has been successfully applied for solving various problems in hydraulic and water resources engineering fields Afzali 2015, 2016) , was used as the optimization algorithm. Finally, the Manning's coefficient is computed using Eq. 11 (Wu and Wang 1999b) :
As shown in Fig. 1 , the new scheme estimates the grain and total parts of Manning's coefficient in its third and eighth steps, respectively. The form part of Manning's coefficient may be simply calculated by considering the roughness separation based on hydraulic radius using Eq. 3.
Performance Evaluation Criteria
In order to compare the estimated nand Qwith the ones measured or calculated based on the observed data, several performance evaluation criteria are used Afzali 2015, 2018) . These criteria include (1) RMSE, (2) mean absolute relative error (MARE), (3) determination coefficient (R 2 ), (4) relative error (RE i ), and (5) mean absolute error (MAE). These criteria written for nare shown in Eq.s 12-16, respectively:
where n estimated and n data are the estimated n and calculated n based on measured data, respectively, i is the counter, and N is the total number of data.
Results and Discussion
The new scheme was applied to determine nfor the database considered. For the part of data where grain roughness is primarily friction source (the grain data), the first three steps of the new scheme was used; while the whole eight steps were preceded to calculate Manning's coefficients for the part of data that both grain and form roughness are friction sources (the form data). Hence, the performance of the new scheme is investigated in the two following sections:
Estimating Flow Resistance Coefficient Due to Grain Roughness
The whole grain data were utilized to evaluate how accurate the new scheme estimates n ' . Table 3 . It shows an adequate agreement (R 2 = 0.6355) between the grain Manning's coefficients predicted by the new scheme and those calculated based on the measured data. According to Table 3, the new scheme achieves quite the same RMSE and MAE values for estimating n ' while it increases the MARE and R 2 values obtained by Wu and Wang's (Wu and Wang 1999b) formula by 14% and 21%, respectively. Moreover, the new scheme improves the RMSE, MAE, and MARE values predicted by Wu and Wang's (Wu and Wang 1999a) formula by 64%, 64%, and 34% for estimating Q, respectively, while it yields to the same R 2 values as Wu and Wang's (Wu a b Fig. 2 Relative error of (a) Manning's coefficient and (b) discharge values predicted using the new scheme for the grain data and Wang 1999a) formula. This comparison demonstrates that the new flow-dependent scheme properly estimates n ' and Q.
Estimating Total Resistance Coefficient Including Grain and Form Roughness
Manning's coefficients were computed for the form data and compared with the corresponding ones calculated based on the observed data. As shown in Fig. 1 , the new scheme utilizes three different methods for computing Δ in the seventh step including (1) ANN, (2) GP and (3) the empirical formula expressed in Eq. 10 Therefore, the new scheme may achieve different results based on the method used for calculating Δ and they are presented in this section. The estimated nand Qusing three methods (ANN, GP and the empirical formula) for both train and test parts of the form data are compared in Table 4 with the ones calculated based on the measured data. According to Table 4 , the new scheme using GP achieves the best R 2 values for estimating n for both train and test data. Based on Table 4 , the new scheme using GP achieves the best RMSE values while the new scheme using ANN obtains the best MARE values for estimating n. The estimated Q shown in Table 4 using three methods are all in a well agreement with that of the observed ones while the new scheme using AI models (especially ANN) predicts discharges better than the new scheme using Eq. 10. Furthermore, the new scheme using ANN results the best RMSE values (327.32 and 336.36 for train and test data, respectively) for estimating Q. Finally, the obtained results overall imply that the new scheme using AI models (ANN or GP) performs better in estimating n and Q than the new scheme using the empirical formula. Relative errors calculated for predicting nusing ANN, GP and Eq. 10 are compared in Fig. 3 for train and test parts of the form data. The range of relative errors for most of train data are located between −0.5 and 0.5 regardless of the method used while the new scheme with GP achieves the maximum relative error around 1.5 for three data points. On the other hand, the new scheme using AI models yields to relative errors between −0.4 and 0.4 for most of test data while the corresponding range for the new scheme using the empirical formula is [−0.5, 0.5] . Based on Fig. 3 , the minimum and maximum relative errors for test data are achieved by GP and the empirical formula, respectively.
The relative errors of discharges estimated by the new scheme using ANN, GP and the new empirical formula are depicted in Fig. 4 . As shown, the RE i values are placed between −0.5 and 0.5 for most of the form data regardless which method is used. Moreover, the maximum relative error is achieved by the new scheme using Eq. 10 for both train and test parts of the form data. Table 5 compares the percentages of estimated nand Qin error ranges for the test part of the form data. As shown, the percentages of estimated results increase with the increase of error range. According to Table 5 , the new scheme using AI models predicts about 80% of test data in the 25% error range whereas the new scheme with Eq. 10 estimates about 63% of n and Q values in this error range. This obviously implies the superiority of the former method. Based on Table 5 , the new scheme with ANN achieves the highest percentages of estimated n and Q for each error range.
The confidence limits for estimating n and Qare also listed in Table 5 for the test part of the form data. As shown, the confidence limits for estimating n and Q are different based on which method is used in the new scheme. Furthermore, the new scheme with AI models achieves closer confidence limit to the one calculated based on the measured data than that of the new scheme using the empirical formula. Additionally, the confidence limits for estimating Qusing the new scheme with GP are the closest one to that of the measured data while others have also yield to acceptably close confidence limits to that of the measured data. Finally, the comparison of the performances of different versions of the proposed scheme indicates that the new scheme incorporating AI models (especially ANN) achieves the best results in estimating n and Q.
The obtained results also demonstrate that application of AI models as a part of roughness predictor schemes may improve estimation results.
Conclusions
Since multiple factors influence resistance to flow, calculation of hydraulic resistance is inherently a challenging matter. In this study, a new straightforward scheme for estimating Manning's coefficient is presented for situations where grain and form roughness are the major sources of flow resistance. In the new scheme, two artificial intelligence models named ANN and GP are utilized in the seventh step of the scheme for roughness estimation. A large database, which consists of more than 4100 laboratory and field data, was used to calibrate and evaluate the performance of the proposed scheme. The performance of the new flow-dependent scheme in estimating grain part of Manning's coefficient and the corresponding discharges is compared with that of one of available formulas, which is based on particle size. The results indicate that the proposed scheme improves MARE of the estimated Manning's grain coefficients and RMSE of discharges achieved by the mentioned formula by 14% and 64%, respectively. Furthermore, the performance of the new scheme incorporating AI models is compared with that of the new scheme using an empirical formula, which is developed based on the data considered. This comparison demonstrates that application of AI models like ANN and GP as a part of a roughness estimator scheme significantly improves the accuracy of predicted results. To be more specific, the new scheme using AI models achieves the best RMSE and MARE values for estimating Manning's coefficient. Furthermore, the new scheme using ANN results the best RMSE values for estimating discharges. Assessing the percentages of errors reveals that the new scheme using AI models predicts about 80% of n and Q values in the 25% error range whereas the new scheme with the empirical equation estimates about 63% of those values within the same error range. This superiority obviously indicates that application of AI models as a part of bed roughness estimator scheme may improve prediction results, particularly when both grain and form roughness are encountered.
Compliance with Ethical Standards
Conflict of Interest None.
Publisher's Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.
